1 3 1 known a priori and cannot be controlled. Label incorporation can nevertheless be determined 1 3 2 experimentally and be used for the downstream reactions. Using these discrete measurements the ScalaFlux workflow ( Fig 1C) therefore consists in transforming the discrete measurements 1 3 6 into a continuous (time-dependent) representation by fitting analytical functions, ensuring 1 3 7 smooth variations as a function of time. A system of ordinary differential equations (ODEs) 1 3 8 can then be constructed using conventional frameworks to simulate label propagation from 1 3 9 the local label input(s). By combining this simulation approach with optimization routines, Importantly, the studied subsystem can include larger parts of the network, as detailed in the 1 4 3 following sections. This means that any given (set of) flux(es) can be quantified 1 4 4 independently of the rest of the metabolic network, with no additional measurements ScalaFlux exploits many concepts from non-stationary 13 C-MFA and thus benefits directly 1 4 9 from recent advances in the field, such as efficient mathematical frameworks for experimental 1 5 0 design [13, 14, [22] [23] [24] , simulation [14, [25] [26] [27] , optimization [10, 28] and sensitivity analysis 1 5 1 [14, 29] . Because it is based on detailed modeling of isotope propagation, ScalaFlux is generic 1 5 2 with respect to the network topology (flux models can include branching nodes, cycles, or any 1 5 3 other of the topological motifs that compose metabolic networks), the isotopic tracer ( 2 H, 13 C, presented in the rest of the article are based on mean molecular enrichment data collected by 1 5 6 mass spectrometry in 13 C-labeling experiments. Flux models must precisely describe the topology of the subnetwork of interest while ensuring 1 6 0 independence from the surrounding network. A generic procedure is presented in this section 1 6 1 to streamline the construction of self-consistent flux models of any part of a metabolic 1 6 2 network.
6 3
We define a minimal subsystem S Y as the minimal set of reactions required to simulate the 1 6 4 labeling dynamics of a given metabolite Y. A metabolic network containing n metabolic 1 6 5 intermediates can thus be decomposed into n minimal subsystems. The minimal subsystem S Y 1 6 6 must include all the reactions that produce Y (since they may all affect its labeling dynamics), with their substrates corresponding to local label inputs. For practical modeling reasons, a 1 6 8 sink reaction consuming Y has to be included to avoid its accumulation, in keeping with the 1 6 9 metabolic steady-state assumption (i.e. metabolite concentrations are constant). Each minimal 1 7 0 9 subsystem is self-consistent and can be incorporated into a flux model to estimate fluxes 1 7 1 through the included reactions. This modular representation is the essence of the scalability of 1 7 2 ScalaFlux. We used this procedure to decompose the example network shown in Fig 1A into 1 7 3 17 minimal subsystems, as shown in Fig 2A. Note that reaction r6, which is reversible, is 1 7 4 present in two subsystems (S B and S C ) to account for its forward and reverse fluxes [21]. simulate the labeling dynamics of metabolic intermediates (green circles) from the local label 1 8 0 input(s) (red circles). Each minimal subsystem is self-consistent and can be used for 1 8 1 independent flux calculations. These minimal subsystems can also be combined to analyze 1 8 2 larger subsystems, as shown in panels B and C. To analyze larger subnetworks that include several reactions of interests, the individual 1 8 5 minimal subsystems that compose this subnetwork should be combined (Fig 2) . Two subsystems can be combined when they share a common metabolite, e.g. the two minimal (since the metabolic intermediate N is a local label input of S O ) ( Fig 2B) , and the resulting 1 9 3 subsystem S NO can then be merged with S F (Fig 2C) . The final subsystem S FNO contains all the 1 9 4 reactions of interest and has three local label inputs (A, E and M) and three intermediates (F, Flux calculation in minimal metabolic subsystems 1 9 8
The minimal set of measurements required to estimate fluxes in a minimal subsystem S Y 1 9 9 consists of i) the labeling dynamics of its local label input(s) (used to simulate tracer 2 0 0 propagation) and ii) the labeling dynamics of Y (used for flux estimation). These transient 2 0 1 label dynamics are thus sufficient to estimate the turnover rate of Y, i.e. the ratio between its 2 0 2 pool and its biosynthetic flux. In a branched pathway, this information is also sufficient to and fluxes were initialized at the values listed in the Supporting information (S1 Table) , and 2 0 9 label propagation through this network was simulated to create a theoretical dataset (S1 Fig) . We estimated fluxes in all minimal subsystems ( Fig 3A) from these theoretical labeling 2 1 1 dynamics. The transient 13 C-enrichments of all local label inputs were accurately described by For the reversible reaction r6, both the forward and reverse reaction rates were determined. The robustness of ScalaFlux to measurement noise was assessed by estimating fluxes from 2 2 8 200 datasets in which Gaussian noise was added to the theoretical data, assuming a typical 2 2 9 precision 0.02 for 13 C-enrichments and of 10 % for concentrations [30, 31] . The distribution 2 3 0 of fluxes estimated from these datasets indicates that the precision of the method is good, with 2 3 1 an average relative standard deviation of 13 % ( Fig 3C) . ScalaFlux is thus robust to 2 3 2 measurement uncertainty. Overall, the proposed approach provides accurate estimates of 2 3 3 1 2 absolute fluxes, with no measurement of extracellular uptake or production fluxes having 2 3 4 been provided as input. This proof of concept example validates the proposed approach. To illustrate the value of this scalability, we explored different options to estimate the flux 2 4 3 through the pathway composed of the seven reactions {r10, …, r16} ( Fig 4A) . We identified a The published dataset contains i) steady-state concentrations of three prenyl pyrophosphate of the wild-type (WT) metabolic chassis was first increased by constructing the strain S037, heterologous phytoene synthase (CrtB from Pantoea ananatis) was then expressed to convert 3 1 0 GGPP into phytoene in strain S023. The pools of all intermediates were higher in strains S037 3 1 1 and S023 compared to wild type, suggesting higher fluxes, but this could not be verified 3 1 2 because fluxes could not be inferred solely from these data. We therefore used ScalaFlux to 3 1 3 estimate the in vivo flux through the prenyl pyrophosphate pathway in the three strains. The flux model is centered on the specific pathway of interest and thus only includes the five representations were obtained ( Fig 5B) . This function was used as label input to estimate topology defined in the model. In wild-type Saccharomyces cerevisiae, the GGPP 3 2 2 biosynthetic flux was estimated at 0.15±0.01 nmol/g DCW /min during exponential growth on 3 2 3 glucose ( Fig 5D) . It increased to 0.94±0.04 nmol/g DCW /min in strain S037, hence confirming 3 2 4 the relevance of the strain design strategy in improving the availability of GGPP, the 3 2 5
precursor of phytoene biosynthesis. The flux was similar in the phytoene producing strain 3 2 6 S023 (0.93±0.04 nmol/g DCW /min). This indicates that the increased demand for GGPP does 3 2 7 not propagate upstream and does not affect its production, in agreement with the low 3 2 8 reversibility of the prenyl transferase reactions. Importantly, we verified that the flux 3 2 9 estimated by ScalaFlux in S023 was consistent with the GGPP demand for phytoene synthesis 3 3 0 estimated from phytoene accumulation (1.33±0.16 nmol/g DCW /min, Fig 5D) . The good 3 3 1 agreement between these two independent methods demonstrates that ScalaFlux provides 3 3 2 accurate flux measurements from datasets collected on just a few metabolic intermediates. Finally, while qualitative interpretations suggested that the turnover rate of GGPP was stable 3 3 4 in the different strains [32], this could not be verified because the fluxes could not be 3 3 5 estimated. We therefore evaluated this hypothesis by calculating the GGPP turnover from the 3 3 6 estimated fluxes and metabolite concentrations. Results indicate that GGPP turnover ( Fig 5E) is indeed very similar in the three strains (WT: 12.7±0.1, S037: 14.0±1.3, S023: 11.9±0.5 min -3 3 8 1 ), and thus confirm quantitatively that the GGPP pool increases roughly proportionally to its In current 13 C-MFA approaches, label propagation has to be modeled starting from the 3 4 4 extracellular nutrient(s), which limits their applicability to flux analysis of pathways close to 3 4 5 this nutrient. Here, we present a novel MFA framework to investigate any reaction or set of 3 4 6 reactions in a subnetwork of interest based on just a few targeted measurements in this The scalability of ScalaFlux stems from the modular decomposition of metabolic networks 3 4 9 into minimal subsystems, which can be analyzed independently or merged together to analyze which can be supported further by in silico simulations. It is important to note that flux 3 5 4 identifiability depends on the experimental setup used (e.g. type of isotopic data, accessible 3 5 5 measurements, sampling frequency) and on biological constraints (e.g. network topology, 3 5 6 fluxes). We refer to previous work [12-14, 22, 24, 33] for extensive discussion on these 3 5 7 topics.
5 8
We validated the practical applicability of ScalaFlux by reanalyzing a published dataset on the 3 5 9 metabolism of prenyl pyrophosphates, from which fluxes could not be calculated using 3 6 0 current MFA approaches. Indeed, GGPP is continuously used by different processes (such as 3 6 1 protein geranylgeranylation and membrane biosynthesis) and does not accumulate in cells. Its 3 6 2 biosynthetic flux cannot therefore be measured in vivo without using isotopic tracers. MFA approaches could have been used, but at much higher analytical and computational costs. The underlying model would have had to include many additional reactions involved in pathways that contribute to the labeling of acetylCoA (glycolysis, the pentose phosphate 3 6 9 pathway, and possibly anaplerotic reactions and the TCA cycle), and the entire mevalonate 3 7 0 pathway that produces IPP from acetylCoA. This model would thus have contained several 3 7 1 dozen reactions, for which the associated fluxes would have had to be estimated. Our additional experimental data on key points in the upstream pathways (e.g. the glucose uptake different sampling times, and analyzed with different analytical platforms. Our approach thus 3 8 0 also reduces experimental costs and processing efforts. ScalaFlux is fundamentally scalable, providing several different ways to quantify a given (set linear pathway is actually consumed by another unknown reaction, or that the assumed 3 9 0 network topology is not sufficient to explain the labeling dynamics of some of the 3 9 1 intermediates). ScalaFlux is also highly versatile in terms of the pathways that can be monitored. It can be 3 9 3 used to measure fluxes through virtually any metabolic subsystem of interest: a single 3 9 4 reaction, a pathway, or larger networks. Because it exploits concepts from non-stationary 13 C-3 9 5
MFA, ScalaFlux can be used to investigate C 1 -metabolism (e.g. CO 2 fixation, methylotrophy, 3 9 6 folate metabolism). It also allows the quantification of metabolic fluxes that are currently 3 9 7 difficult to measure, e.g. in secondary metabolism (such as prenyl pyrophosphate Overall, in addition to broadening the range of metabolic systems that can be investigated, intrinsic scalability and robustness to missing measurements and network gaps). ScalaFlux can be applied alone or in combination with other methods to address a broad range when the complete dataset is integrated into metabolic reconstructions. In ScalaFlux, 4 2 0 incomplete datasets can still be exploited to estimate fluxes through subsystems, and these 4 2 1 flux measurements can be used to constrain genome scale metabolic models. Our approach 4 2 2 should also be helpful to study poorly characterized organisms, for which simulations from From a computational point of view, the proposed approach shares many elements with 4 2 5 traditional approaches, and is compatible with all current simulation frameworks -EMUs, 4 2 6 cumomers, fluxomers, etc - [1, 14, 25] . The approach introduced here can be implemented in 4 2 7 existing 13 C-flux calculation software [10, 26, 28, 37] with minimal effort. As proof of 4 2 8 concept, we have implemented it in IsoSim, a versatile modeling software designed to 4 2 9 integrate proteomics, metabolomics and isotopic data with stoichiometric, kinetic, regulatory 4 3 0 and thermodynamic constraints to enhance functional analyses of metabolic systems. We implemented the ScalaFlux workflow ( Fig 1C) in a major update of IsoSim, an R 4 3 8 software previously developed to couple kinetic and isotopic models of metabolism [21] . The All the scripts we used to construct the models, to perform the simulations and to generate the IsoSim requires the following information to construct a flux model: i) the set of reactions of 4 5 1 interest, ii) the tracer atom transitions of each reaction, and iii) the accessible isotopic data.
5 2
IsoSim then automatically constructs the minimal system of ordinary differential equations and algorithms we used to construct the models can be found in the initial article on IsoSim 4 5 5
[21], which has been enhanced with the EMU framework [27] to reduce the size of the Note that each flux can be defined either as constant or calculated using a kinetic equation The present framework provides i) direct identification of the minimal set of label input(s) 4 6 3 that need to be measured for a given flux model, and ii) simulations for different The labeling dynamics of all the EMUs identified as local label input(s) must be measured or 4 7 0 estimated. IsoSim implements methods to convert these discrete measurements into 4 7 1 continuous analytical functions. It is important to note that neither the analytical function nor where p is the vector of parameters to estimate (here p 1 , p 2 and p 3 ), and t is time. We also
